Thirty younger and 29 older adults were tested on reaction times for set size of a display of 1 to 9 digits. On half of the trials, the nominal value of the digits was equal to the size of the set displayed; on the other half, the value differed by 1 from the set size (Stroop interference). We found evidence for age differences in subitizing span (2.83 vs. 2.07). Once individual differences in subitizing range were taken into account, no age differences were found in the rate of either subitizing or counting, and no individual differences were apparent in subitizing speed. There was no age difference in the susceptibility to the Stroop effect. The results suggest that, with advancing age, the size of the focus of attention may shrink, but speed of access to elements in the focus of attention may remain constant.
enumeration speed, the young-old comparison is based on the assumption that the maximum number of items that can be subitized (i.e., the subitizing range) is identical across participants and across age groups. Most researchers set the subitizing range at four items (Nebes et al., 1992; Sliwinski, 1997; Trick et al., 1996; but Watson et al., 2002 , set it at three items). It is quite possible, however, that the subitizing range varies across individuals, across age groups, or even across trials within individuals. If the subitizing range of a fair number of participants is smaller than the numerosity defined as the cutoff for the subitizing range, then the higher numerosities within the generic subitizing range will be contaminated by the slow serial counting process, and the subitizing slope of the group will be overestimated. Moreover, if the subitizing range of older adults is on average smaller than that of younger adults, one would expect that the subitizing slope is overestimated by a larger amount in older adults than in younger adults.
The range hypothesis can be tested directly by estimating each individual's subitizing range and by calculating subitizing slopes at the individual level. If the observed age differences in subitizing rate are an averaging artifact, then the age difference will disappear when subitizing speed is calculated within each individual's own subitizing range.
An alternative explanation for the subitizing/counting dissociation is that the decline is indeed due to age-related changes in the efficiency of the subitizing process. The most parsimonious explanation for such changes is that although subitizing is an automatic process in younger adults, it becomes an increasingly controlled process in old age. This hypothesis can be tested by including a manipulation that would selectively influence one of these processes and not the other, and by testing for Age ϫ Manipulation interactions. The manipulation we included was Stroop-like interference (for a review of the Stroop literature, see MacLeod, 1991) . In our experiment, the stimuli to be enumerated consisted of digits. On half of the trials the numerosity indicated by the digit differed (by 1) from the number of digits shown; on the other half of the trials, numerosity of the digit and the number of digits shown matched. It can be argued that subitizing, as an automatic process, has very fast mappings from preverbal to verbal representations, which would then be relatively impervious to verbal interference. For counting, however, participants rely more on verbal representations (i.e., they silently enumerate, which is a slow process of verbal number name retrieval; Trick et al., 1996) , and therefore the verbal representations shown on the screen might influence this process. The expectation then is that a Stroop manipulation would interfere with the counting process but not with the subitizing process. If the automaticity hypothesis is correct, then the Stroop effect on subitizing would be smaller for younger adults (where subitizing is presumably automatic and driven by fast preverbal-to-verbal mappings) than for older adults (where subitizing might be a more controlled, verbal process).
Method

Participants
We tested 30 younger adults (mean age ϭ 19.07, SD ϭ 1.17; ranging from 18 to 22; 19 females and 11 males) who received course credit for participating, and 29 older adults (mean age ϭ 74.17, SD ϭ 5.04; ranging from 66 to 81; 21 females and 8 males) who received $15 in return for their time and effort. Younger adults averaged 13.13 years of education (SD ϭ 1.17), and older adults averaged 15.19 years of education (SD ϭ 2.17); the difference is significant, t(56) ϭ 4.51. The older adults scored higher on the Mill-Hill Vocabulary test (Raven, 1982; 22.41 , SD ϭ 4.2) than did the younger adults (15.87, SD ϭ 4.0), t(56) ϭ 6.13.
Task and Procedure
Each stimulus for the enumeration task consisted of a set of nonzero digits, shown on a computer screen. Set size ranged between 1 and 9. The numerosity indicated by the digit was equal to the set size on half of the trials (congruent trials), and it differed from the set size by 1 on the other half of the trials (incongruent trials). On incongruent trials and for set sizes 2 through 8, the numerosity indicated by the digits was 1 unit smaller than the set size on half of the trials, and it was 1 unit larger on the other half. For set-size 1, the digit shown on incongruent trials was always 2; for set-size 9, numerosity indicated on incongruent trials was always 8. The participants' task was to enumerate the number of digits shown (i.e., the set size) and press the key on the computer keypad that corresponds to that number. Participants were instructed to be as fast and as accurate as possible.
Participants were presented with four blocks of 90 enumeration trials each (45 congruent, 45 incongruent; 5 of each set size within each trial type). Each enumeration block was preceded by a familiarization block of 45 trials of an RT task in which single digits (5 instances of each of the 9 nonzero digits) were presented. The task was to hit the corresponding number on the computer keypad. This task was inserted for two reasons: (a) as a warm-up, and (b) to train the participants in the numerosity-to-keypad mapping. In the enumeration task, congruent and incongruent trials were mixed randomly within blocks. Short 2-5-min tests (a digit span test [Wechsler, 1981] , a symbol digit substitution test [Smith, 1982] , and the vocabulary test [Raven, 1982] ) were interspersed between blocks. Sessions typically lasted between 1 hr and 90 min.
All stimuli were projected in white on a black background. Each trial started with the presentation of a fixation cross in the middle of the screen, for a duration of 1,000 ms. Then an array of digits appeared, randomly placed in an invisible 9 ϫ 9 square grid, about 126 mm wide. Each digit was projected in a sans serif font and was about 14 mm high and 9 mm wide. To ensure irregularity of the display, the digits were displaced by up to 3 mm in the horizontal and/or vertical directions. Participants were allowed to individually optimize their viewing distance from the screen. As a consequence, visual angle of the stimuli differed across participants. Most participants seemed to prefer a distance from the screen of approximately 50 cm. At this distance, the area of the stimulus presentation (for set size greater than 1) varied randomly from 3.44°to 15.94°in height and from 5.72°to 18.18°in width (depending on the dispersion of the stimuli). Although on average the area of stimulus presentation was larger for set sizes greater than 6, there was more variability in smaller set sizes, with their larger areas being the same size as those for larger set sizes. The participant terminated the display of the stimulus array by executing a keypress. This initiated the next trial in the block after a delay that varied randomly between 1,500 and 2,000 ms. For familiarization trials, the target always appeared in the center of the screen. Alpha levels for each test were set at p ϭ .05.
Results
As usual in enumeration research (e.g., Mandler & Shebo, 1982; Trick & Pylyshyn, 1994) , the largest set size (i.e., 9) was excluded from the analysis because of possible end effects.
Error Rates
Error rates were quite low throughout the experiment. We conducted an Age Group ϫ Set Size ϫ Trial Type (i.e., congruent vs. incongruent) repeated measures analysis of variance (ANOVA). Older adults were more accurate than younger adults (proportion correct: .98 vs. .96), F(1, 57) ϭ 10.49, MSE ϭ 0.0096. Answers to items in the congruent condition were more accurate than answers to items in the incongruent condition (.98 vs. .96), F(1, 57) ϭ 12.39, MSE ϭ 0.0043. Accuracy varied across set size, F(7, 399) ϭ 19.24, MSE ϭ 0.0022, and both the linear and quadratic components were significant. Accuracy was essentially stable across numerosities 1 to 5 (between .98 and .99) and dropped off slightly for larger set sizes (.96 for set-size 6; .95 for set-size 7, and .94 for set-size 8). These main effects were qualified by a Set Size ϫ Trial Type interaction, F(7, 399) ϭ 2.25, MSE ϭ 0.0022, indicating that the drop-off in accuracy over set size was larger in the incongruent trials than in the congruent trials (averaged over numerosities 1 to 4: congruent, .99; incongruent, .98; averaged over numerosities 5 to 8: congruent, .97; incongruent, .95); and by an Age ϫ Set Size interaction, F(7, 399) ϭ 2.81, MSE ϭ 0.0022, indicating that the drop-off in accuracy over set size was larger in younger than in older adults (averaged over numerosities 1 to 4: younger, .98; older, .99; averaged over numerosities 5 to 8: younger, .94; older, .97). In terms of absolute accuracy, all of these effects are quite small. They do indicate, however, that our sample of older adults was more accurate in enumeration than the younger sample, both in terms of main effects and in being less susceptible to the detrimental effect of larger set sizes. Figure 1 depicts RT (for correct responses only) as a function of set size, separated by age group and trial type. The main analysis of the RT data was done by using multilevel modeling, taking into account the nested sources of variability. Fixed effects were estimated to analyze average RT and the effects of age. Random effects and their variances were used to model individual differences in RT scores and individual differences in enumeration speed. Different covariates were introduced in the models: (a) a dummy variable indicating the participant's age group (0 ϭ younger and 1 ϭ older); (b) block number; (c) set size (ranging from 1 to 8); and (d) trial type (1 ϭ congruent and 2 ϭ incongruent).
Reaction Time in Enumeration Trials
We conducted a maximum-likelihood hierarchical linear model analysis (HLM; Snidjers & Bosker, 1999) , rather than a standard ordinary least squares (OLS) regression analysis, for two reasons. First, HLM allows for the examination of individual differences in parameters, that is, intercepts and slopes. Second, when individual differences in subitizing range are taken into account (see below), the design becomes unbalanced, with each individual contributing an unequal number of observations. HLM is well suited to handle unbalanced data; traditional OLS is not.
There are two levels for this dataset. Level 1 contains the within-subject variables (set size, trial type, and block number); Level 2 contains the between-subjects variable (age group). All plausible interactions (both between Level 1 variables and crosslevel interactions) were taken into account. The first model (Model 1: 1-segment random intercepts model) fitted was a random intercepts model (i.e., a model equivalent to traditional repeated measures ANOVA):
Results from the fitting procedure are reported in Table 1 .
In the next step, a random coefficients model was fitted to test for individual differences in the set-size-related change in RT. In this model (Model 2: 1-segment random coefficients model), the RT ϫ Set Size slope was not treated as a fixed effect, as it was in Model 1, but it was allowed to vary from individual to individual. The random coefficients model is represented as
The RT ϫ Set Size slope (␥ 10 ϭ 289.80 ms/item; SE ϭ 11.59) was identical to the slope obtained from Model 1 (␥ 10 ϭ 289.80 ms/item; SE ϭ 4.32); but the deviance of Model 2 was significantly smaller, 2 (2, N ϭ 59) ϭ 725.00, indicating a better fit. Therefore, all further models fitted were random coefficients model. Because neither the interaction between age group and trial type, F(1, 4120) ϭ 0.42, MSE ϭ 1910.66, nor the three-way interaction term between age group, actual set size, and trial type, F(1, 4120) ϭ 0.62, MSE ϭ 60.34, was significant, we decided to drop these interaction terms from all subsequent models.
Model 3 (1-segment reduced model) is the reduced Model 2, with the nonsignificant interaction terms removed. The intercept of this model reflects the average RT score for younger adults at set-size 0 (627.30, SE ϭ 36.40). The RT ϫ Set Size slope was 288.24 ms/item (SE ϭ 11.42). At set-size 0, older adults were 381.00 ms slower than younger adults (SE ϭ 47.14); older adults' RT ϫ Set Size slopes were 10.17 ms/item larger than those of younger adults (SE ϭ 15.79). Incongruent trials did not lead to a significantly larger intercept (the effect was 3.35; SE ϭ 21.86), but they produced a more elevated slope, and this effect was 15.85 ms/item (SE ϭ 3.89). There was no reliable Age Group ϫ Set Size interaction (interaction term ϭ Ϫ10.17, SE ϭ 15.79).
Models 1 to 3 assume that there is no distinction in slope between a subitizing and a counting range. Theory, as well as Figure 1 , suggests that a model with a node at set-size 3 or 4 would be a better fit to the data. Thus, in Model 4 (2-segment fixed node model), we introduced linear spline functions. This analysis can be considered as piecewise regression, where two lines are estimated simultaneously, one on each side of a designated node. We chose to be conservative in our definition of the subitizing range and placed the node at set-size 3. Numerosities between 1 and 3 are assumed to be in the subitizing range; numerosities between 4 and 8 are considered to be in the counting range. The equation for Model 4 can then be represented as
The variables sub and count denote set size in the generic subitizing and counting ranges, respectively.
The correlation matrix of parameters showed that although the subitizing slope is significantly correlated with the intercept (0.81), counting speed is not correlated with the intercept (0.20). The correlation between the subitizing and counting slopes is nonsignificant (Ϫ.18).
The estimated average RT scores (only the fixed part) for young and old participants for the two trial types were provided by the following set of equations (computed from 
The tests for the fixed effects show that all of the main effects, with the exception of trial type, are significant, indicating that the intercept is larger than zero, that older adults are slower than younger adults at set-size 0, and that the slopes for both subitizing and counting are larger than zero. Additionally, the interaction When the interaction term between age group and trial type was introduced in the model, the interaction was found to be nonsignificant, F(1, 3593) ϭ 0.02, MSE ϭ 303.43, indicating that there is no age difference in susceptibility to the Stroop effect in the present sample. Note that qualitatively identical results were obtained when we set the node at set-size 4 rather than at set-size 3.
In Model 4, we assumed that the subitizing span is identical across all our participants (an assumption almost invariably taken in the literature). Inspection of the individual graphs, however, suggested that there is a large amount of interindividual variability that is unaccounted for in the forced spline model. Therefore, it seems reasonable to refine our spline analysis by taking the subitizing range for each single individual into account.
To determine individual subitizing spans, we fitted the OLS model
to the data of each of the individual participants, systematically varying the subitizing range between 1 (i.e., no subitizing) and 5. We then computed the difference between the subitizing and the counting slopes at each of these numerosities. The set size that yielded the largest difference was considered to be the maximum subitizing span for that participant. This procedure was repeated including trial type as a covariate, so that maximum subitizing span for both congruent and incongruent numerosities could be assessed. A repeated measures ANOVA showed that there was no difference between the subitizing span derived from the congruent and incongruent conditions, F(1, 54) ϭ 0.16, MSE ϭ 0.23; nor was the Trial Type ϫ Age interaction significant, F(1, 54) ϭ 0.58, MSE ϭ 0.26. Therefore, we decided to derive the individual's subitizing span from RT averaged over trial type. Two older participants and 1 younger participant showed no particular pattern; these participants' data were removed from further analyses. There were 4 younger adults and 9 older adults whose data were best fitted by a straight-line regression equation, that is, they had a subitizing span of 1. Three younger adults and 6 older adults showed a subitizing span of 2; 17 younger adults and 11 older adults showed a subitizing span of 3; four younger adults showed a subitizing span of 4, and only 1 younger adult showed a subitizing span of 5. The average subitizing span was 2.83 for younger adults (SD ϭ 0.97) and 2.07 for older adults (SD ϭ 0.87); the age difference is statistically significant, t(53) ϭ 3.06, p ϭ .003.
2 Figure 2 represents the data, grouped by subitizing span (between 1 and 4), for each of the age groups separately, as well as the freely estimated regression line for subitizing and counting overlaid on the data, for illustration purposes. As a first analysis based on the individual subitizing spans, Equation 4 was fitted to the data of only those participants who had a maximum subitizing span of 3 (Model 5: 2-segment select participants model). The subitizing span of 3 was selected because it had the maximum number of participants (17 young and 11 old participants). The results, depicted in 
All main effects, with the exception of trial type, were significant (all p Ͻ .01). The interaction between age group and rate of subitizing was not significant and neither was the interaction between age group and rate of counting. Consequently, in this sample of adults with the same subitizing range, there was no effect of age on the rates of either subitizing or counting. Although there was no significant effect of trial type on the rate of subitizing, its effect was significant on the rate of counting. Qualitatively identical results were obtained when linear spline functions at set-size 3 were fitted for those subjects whose maximum subitizing range was either 3 or 4.
In a second analysis (Model 6: 2-segment individually-varying node model), the spline equation (Equation 3) was fitted for all individuals who had a subitizing range between 1 and 4, setting the spline point at each individual's maximum subitizing span. (The one participant with a subitizing range of 5 was omitted because it is not clear whether this is a believable value.) This left 28 younger and 27 older adults in the analysis. The fixed effects for this fitted model (Model 6, see Table 2 
The results show a pattern similar to that of Model 5. In the fixed-effects analysis, all the main effects, with the exception of trial type, were found to be significant. The interaction between age group and subitizing, between age group and counting, and between trial type and subitizing slope were nonsignificant. The interaction between trial type and counting, however, was significant. The pattern of results remained robust even when we considered only those participants who displayed a detectable subitizing span, that is, only those select participants who have a maximum subitizing span of 2, 3, or 4.
Estimated Enumeration Process Times
The results presented in the previous section were obtained using manual RTs. The conclusions as presented, however, are only valid if there are no age differences in patterns of pure RTs (i.e., input/output and response-mapping processes) to specific numerosities and if there are no numerosity effects in pure RTs that could explain the difference in slope between subitizing and counting. To test for these possible contaminating effects, we replicated our main analyses (i.e., Models 4 to 6), using the estimated time for completing the enumeration process rather than the full latency.
Time needed for the enumeration process was estimated for each set size by subtracting the average RT for each digit on the familiarization trials from the average RT for the corresponding set size on the enumeration trials for each participant for each of the four blocks. The assumptions (which may or may not hold) are (a) that the total latency on the familiarization trials is a good indicator of response mapping and motor output times, and (b) that the additive-factors logic applies, that is, that the enumeration processes (i.e., the subitizing or counting process proper) are independent of and additive to the input/output and response-mapping processes (or, in case the enumeration and response-mapping/ output processes overlap, that the overlap is identical across age groups within the subitizing and the counting ranges). Figure 3 presents the data, and Table 3 presents the analyses.
The data and the analyses show that a 2-segment random coefficients model with a fixed node at set-size 3 (Model 7: 2-segment fixed node model) would be a better fit to the data than a 1-segment model akin to Model 3. Analyses of the reduced model (i.e., Model 7) are reported because the three-way interaction between age group, trial type, and set size was found to be nonsignificant in all the models under consideration. The correlation matrix of parameters indicates that the subitizing and counting slopes are not correlated (r ϭ .01). Similar to what was found in Model 4, the subitizing slopes are correlated with the intercepts (r ϭ .68), whereas the counting slopes are not significantly correlated with the intercepts (r ϭ .04). The main effects of intercepts and counting slopes are significant, whereas the main effects of age group, subitizing slope, and trial type are not significant, indicating that the intercept is larger than 0, that the slope of subitizing is not larger than 0, that the slope of counting is larger than 0, that younger and older adults do not reliably differ in the estimated times for completing the enumeration process at setsize 0, and that congruent and incongruent trials yield identical estimated enumeration process times at set-size 0. The tests for fixed effects for the interaction terms yielded results identical to those of Model 4, with the exception of the interaction between age group and rate of subitizing, which was found to be nonsignificant, F(1, 3593) ϭ 0.00, MSE ϭ 961.62, indicating that younger and Note. For description of Models 4 -6, see text. The intercept ␥ 00 reflects the average reaction time (RT) intercept at sub ϭ 0. ␥ 10 is the effect of subitizing (sub). ␥ 20 is the effect of counting (count). The slope ␥ 01 is the average rate of set-size-related RT change for cases with age group ϭ 0 (i.e., for younger adults). ␥ 30 is the effect of trial_type. The Level 1 interaction term ␥ 50 is the interaction between trial_task and sub for cases when trial_type ϭ 2 (congruent), and ␥ 60 is the interaction between trial_type and count for cases when trial_type is congruent. The slope ␥ 11 is the coefficient of the interaction term of Age Group ϫ Sub, for cases with age group ϭ 0. The slope ␥ 21 is the coefficient of the interaction term of Age Group ϫ Count, for cases with age group ϭ 0. The slope ␥ 31 is the coefficient of the interaction term of Age Group ϫ Trial_Type, for cases with age group ϭ 0 and trial_type ϭ 2 (i.e., the young congruent group). R ij is the residual for each person. U 0j is the unique effect on intercept for each person. U 1j is the unique effect on subitizing slope for each person, and U 2j is the unique effect on counting slope for each person. Thus, Var (R ij ), or 2 , is the within-person variance; Var (U 0j ), or 0 2 , is the between-persons variance in intercepts; Var (U 1j ), or 1 2 , is the between-persons variance in subitizing slopes; Var (U 2j ), or 2 2 , is the between-persons variance in counting slopes. Dashes indicate that SE cannot be computed because the variance component equals zero. Coeff. ϭ coefficient. older adults subitize at identical rates. The pattern of results did not change when we considered set-size 4 as a node for linear splines.
Subitizing span was determined for each individual by using the same procedure as used for full latencies. As was found for Model 5, no significant difference emerged, in either age group, between subitizing spans for congruent and incongruent trails. Therefore, subitizing span was determined for each participant by using the combined congruent/incongruent data. Two younger and 8 older adults had a maximum subitizing span of 1; 2 younger and 2 older adults had a subitizing span of 2; 17 younger and 12 older adults had a subitizing span of 3; 4 younger and 3 older adults had a subitizing span of 4; 2 younger adults and 1 older adult had a subitizing span of 5; 3 younger and 5 older adults displayed no regular pattern. The average maximum subitizing span of younger adults is 3.07 (SD ϭ 0.92) and that of older adults is 2.46 (SD ϭ 1.22); the age difference is statistically significant, t(43) ϭ 2.02, p Ͻ .05.
When Model 8 (2-segment select participants model) and Model 9 (2-segment individually varying node model for subitizing spans between 1 and 4) were considered, the pattern of results for fixed effects was found to be identical to those of Models 5 and 6, respectively. Although there is a noticeable change in the unique effect of subitizing slope ( 1 2 ) as we move from Model 7 to Model 9, 1 2 is significant in Model 7 (2,390.81; p ϭ .02) but not in Model 9 (745.13; p ϭ .26), where the individual maximum subitizing spans were taken into consideration to set the individual nodes for the splines. This indicates that once individual differences in subitizing span have been taken into account, individual differences in subitizing rate disappear.
The equations obtained from Model 9 are as follows: 
Discussion
Our study was motivated by a peculiar effect in the cognitive aging literature, namely that subitizing shows a larger age-related deficit than counting. We replicated this finding (Model 4: 2-segment fixed node model). When a generic subitizing range was used, fixed at a set size of 3, subitizing slopes of older adults were found to be about 1.5 times larger than those of younger adults, but there were no age differences in the counting slope. The slope relating RT to set size in the generic subitizing range is shallow, varying from 41 (incongruent items) to 65 (congruent items) ms/item in younger adults, and 98 (incongruent items) to 123 (congruent items) ms/item in older adults. For elements beyond the generic subitizing range, rates increase, with an average rate of set-size-related RT change varying from 313 (incongruent items) to 353 (congruent items) ms/item in younger adults, and 307 Note. For description of Models 7-9, see text. The coefficients (coeff.) and the variance components imply the same as those in Table 2 , except that the response variable in these models is the estimated time for completing the enumeration process. Dashes indicate that SE cannot be computed because the variance component equals zero.
(incongruent items) to 339 (congruent items) ms/item in older adults. For the young adults, our results-namely of a shallow slope of about 50 ms per item in the subitizing range and a steeper slope of about 350 ms per item-fall within the range of values found in previous enumeration studies (Trick & Pylyshyn, 1994) . Qualitatively similar results were obtained when the subitizing range was fixed at 4. The subitizing and counting processes were found to be largely independent, as evidenced by the lack of significant betweenpersons correlation between the subitizing and counting rates in Models 4 and 7. Subitizing rate correlated with the intercept, which can be taken as an index of the relatively low-level perceptual/attentive, response mapping and motor processes in the task that are distinct from the subitizing and counting processes per se. The correlation suggests that subitizing may be an automatic and low-level process, perhaps governed by the same cognitive structures as the other perceptual/attentive processes involved. Additional evidence for the low-level nature of subitizing comes from the finding that there are no reliable individual differences in the rate of this process when individual subitizing spans are considered. Counting was a slow process, compared to subitizing; it did show significant individual differences, even when individual subitizing spans were considered; and its rate did not correlate with either the intercept or the subitizing rate in Models 4 and 7. These three findings suggest that it is a controlled, largely postperceptual process.
In the introductory section, we advanced two possible reasons for the counterintuitive result of a larger age deficit in subitizing than in counting. The range hypothesis states that the subitizing range may differ between age groups (more specifically, it may be smaller in older adults). When a generic subitizing range is considered and the range is larger than the actual subitizing range for one of the groups, this will contaminate that group's subitizing slope estimates with the longer RTs coming from counting processes, thus creating an artifactual difference in subitizing rates between the two age groups. The automaticity hypothesis states that with advancing age, subitizing increasingly becomes a less automatic and more controlled process. Our results are clear. The former hypothesis is correct; the latter is not.
With regard to the range hypothesis, we indeed found significant age differences in subitizing span. This was true both for the actual subitizing range (i.e., when we examined RTs conditional on the response being correct) and the attempted subitizing range (i.e., when we examined RTs for both correct and incorrect responses). On average, our younger participants had an actual subitizing range close to 3 (viz., 2.83); our older participants had an actual subitizing range close to 2 (viz., 2.07). This result was further confirmed in an analysis on estimated pure enumeration processing times, where younger participants had a subitizing span of 3.07, and older adults, 2.46. It should be noted that the standard deviation was close to 1 in both age groups, indicating the existence of nonnegligible individual differences in the subitizing span. Future research in the field of subitizing should take such individual differences into account.
It is more important to note that we found that the age-related dissociation between subitizing rate and counting rate disappeared when individual differences in subitizing range were taken into account. This was demonstrated in two analyses. In the first, we examined all individuals with an identical subitizing range (viz., 3) . No age differences were found in either subitizing or counting rate in this selected subsample. Second, when the breakpoint between subitizing and counting was set at each individual's subitizing span, age differences in subitizing and counting rate failed to emerge. (In fact, both subitizing and counting rates were nominally slightly smaller in our older adult sample than in our younger adult sample.) Thus, the observed age-related slowing in subitizing rate is an artifact of not taking individual and group differences in subitizing range into account and of setting generic subitizing ranges at values that are clearly larger than the actual ranges measured here.
With regard to the automaticity explanation, we hypothesized that a counting Stroop manipulation would interfere with agerelated differences in the largely verbal process of counting, but not with the automatic and preverbal process of counting. Therefore, if subitizing increasingly becomes a nonautomatic verbal process in older adults, older adults should be more susceptible than younger adults to the Stroop manipulation in the subitizing range. We found the predicted general effect for the Stroop effect: In our final models (Models 5 and 6, and 8 and 9), there was a significant Trial Type (i.e., Stroop manipulation) ϫ Counting interaction, but no significant Trial Type ϫ Subitizing interaction. This implies that the interference effects of the Stroop manipulation were limited to the counting range. The age effects, however, did not match the predictions from the automaticity explanation: In none of our final models did the three-way interaction between age group, type of task, and either subitizing or counting become significant. Thus there were no age-related differences in the effects of the Stroop manipulation within either the subitizing rate or the counting rate. Further evidence for the continued automatic nature of subitizing across the adult life span can be found in the existence of a correlation between subitizing rate and the intercept, its independence of counting rate, and the lack of individual differences in subitizing rate.
Our results have implications for cognitive aging theory that go beyond excising a curious and erroneous result from the literature. First, a dominant theory in cognitive aging posits that capacity differences between age groups arise from differences in basic processing speed (Salthouse, 1996; Verhaeghen & Salthouse, 1997) , although the inverse position has been argued as well (Hasher & Zacks, 1988) . In our study, we found clear evidence that group speed differences can arise out of differential capacity limitations. That is, when considered at an absolute level (e.g., in the 1-3-or 1-4-set-size range), processing speed of older adults was, indeed, on average much lower than that of younger adults (in the 1-3 range, enumeration rates of older adults are twice as slow as those of young adults; see Equation 4), but this speed deficit could be completely explained by individual and group differences in the number of elements that can be processed automatically and immediately. Once this capacity limitation is taken into account, the group of older adults was found to be equally fast as the group of younger adults in both the subitizing and the counting process.
Second, some theorists in cognitive psychology (Cowan, 2001; Engle, Kane, & Tuholski, 1999) have claimed that the subitizing range may be an indicator of the size of the individual's focus of attention (see also Pylyshyn's, 1989 , theory of fingers-ofinstantiation). Age differences in subitizing range may then signal a more narrow focus of attention. This, in turn, may have consequences for the capacity of short-term memory and working memory. Another consequences of the narrowing of the focus of attention may be slowing in higher order processes. That is, even if speed of processing for items in the focus of attention remains constant over age, as our results indicate to be the case, overflow of the focus of attention would occur more often for older adults. This then may be a source for age-related differences in speed of processing in higher order processes: Whereas younger adults are able to process three elements in the focus of attention, older adults can only process two elements before it becomes necessary to transfer elements into the available but not immediately accessible part of working memory. On average, the capacity deficit would then give rise to an age-related slowing factor of 3/2, or 1.5, a value indeed not very different from that typically noted in the literature (Cerella, 1990; Cerella et al., 1980) .
